
 

 

Since January 2020 Elsevier has created a COVID-19 resource centre with 

free information in English and Mandarin on the novel coronavirus COVID-

19. The COVID-19 resource centre is hosted on Elsevier Connect, the 

company's public news and information website. 

 

Elsevier hereby grants permission to make all its COVID-19-related 

research that is available on the COVID-19 resource centre - including this 

research content - immediately available in PubMed Central and other 

publicly funded repositories, such as the WHO COVID database with rights 

for unrestricted research re-use and analyses in any form or by any means 

with acknowledgement of the original source. These permissions are 

granted for free by Elsevier for as long as the COVID-19 resource centre 

remains active. 

 



 

Journal Pre-proof

A REAL-TIME INTEGRATED FRAMEWORK TO SUPPORT
CLINICAL DECISION MAKING FOR COVID-19 PATIENTS

Rita Murri , Carlotta Masciocchi , Jacopo Lenkowicz ,
Massimo Fantoni , Andrea Damiani , Antonio Marchetti ,
Paolo Domenico Angelo Sergi , Giovanni Arcuri , Alfredo Cesario ,
Stefano Patarnello , Massimo Antonelli , Rocco Bellantone ,
Roberto Bernabei , Stefania Boccia , Paolo Calabresi ,
Andrea Cambieri , Roberto Cauda , Cesare Colosimo ,
Filippo Crea , Ruggero De Maria , Valerio De Stefano ,
Francesco Franceschi , Antonio Gasbarrini , Raffaele Landolfi ,
Ornella Parolini , Luca Richeldi , Maurizio Sanguinetti ,
Andrea Urbani , Maurizio Zega , Giovanni Scambia ,
Vincenzo Valentini , the Gemelli against Covid Group

PII: S0169-2607(22)00040-2
DOI: https://doi.org/10.1016/j.cmpb.2022.106655
Reference: COMM 106655

To appear in: Computer Methods and Programs in Biomedicine

Received date: 25 February 2021
Revised date: 15 January 2022
Accepted date: 20 January 2022

Please cite this article as: Rita Murri , Carlotta Masciocchi , Jacopo Lenkowicz ,
Massimo Fantoni , Andrea Damiani , Antonio Marchetti , Paolo Domenico Angelo Sergi ,
Giovanni Arcuri , Alfredo Cesario , Stefano Patarnello , Massimo Antonelli , Rocco Bellantone ,
Roberto Bernabei , Stefania Boccia , Paolo Calabresi , Andrea Cambieri , Roberto Cauda ,
Cesare Colosimo , Filippo Crea , Ruggero De Maria , Valerio De Stefano , Francesco Franceschi ,
Antonio Gasbarrini , Raffaele Landolfi , Ornella Parolini , Luca Richeldi , Maurizio Sanguinetti ,
Andrea Urbani , Maurizio Zega , Giovanni Scambia , Vincenzo Valentini , the Gemelli against
Covid Group, A REAL-TIME INTEGRATED FRAMEWORK TO SUPPORT CLINICAL DECISION
MAKING FOR COVID-19 PATIENTS, Computer Methods and Programs in Biomedicine (2022), doi:
https://doi.org/10.1016/j.cmpb.2022.106655

This is a PDF file of an article that has undergone enhancements after acceptance, such as the addition
of a cover page and metadata, and formatting for readability, but it is not yet the definitive version of
record. This version will undergo additional copyediting, typesetting and review before it is published
in its final form, but we are providing this version to give early visibility of the article. Please note that,
during the production process, errors may be discovered which could affect the content, and all legal
disclaimers that apply to the journal pertain.

© 2022 Published by Elsevier B.V.

https://doi.org/10.1016/j.cmpb.2022.106655
https://doi.org/10.1016/j.cmpb.2022.106655


A REAL-TIME INTEGRATED FRAMEWORK TO SUPPORT CLINICAL DECISION MAKING FOR COVID-
19 PATIENTS 
 
Rita Murri1,2, Carlotta Masciocchi3, Jacopo Lenkowicz3, Massimo Fantoni1,2, Andrea Damiani4, 
Antonio Marchetti5, Paolo Domenico Angelo Sergi5, Giovanni Arcuri6, Alfredo Cesario3, Stefano 
Patarnello3, Massimo Antonelli7,8, Rocco Bellantone9,10, Roberto Bernabei11,12 Stefania Boccia13,14, 
Paolo Calabresi11,15, Andrea Cambieri16, Roberto Cauda1,2, Cesare Colosimo17, Filippo Crea19,20, 
Ruggero De Maria10, Valerio De Stefano17,18, Francesco Franceschi9,10, Antonio Gasbarrini9,10, 
Raffaele Landolfi9,10, Ornella Parolini14, Luca Richeldi9,20, Maurizio Sanguinetti1,8, Andrea Urbani1, 8, 
Maurizio Zega21, Giovanni Scambia13,14,, Vincenzo Valentini17,18 and the Gemelli against Covid 
Group* 
 

* Alessandro Armuzzi, Marta Barba, Silvia Baroni, Silvia Bellesi, Annarita Bentivoglio, Luigi 
Marzio Biasucci Federico Biscetti, Marcello Candelli, Gennaro Capalbo, Paola Cattani, Patrizia 
Chiusolo, Antonella Cingolani, Giuseppe Corbo, Marcello Covino, Angela Maria Cozzolino, 
Marilena D’Alfonso, Gennaro De Pascale, Giovanni Frisullo, Maurizio Gabrielli, Giovanni 
Gambassi, Matteo Garcovich, Elisa Gremese, Domenico Luca Grieco, Chiara Iacomini, Amerigo 
Iaconelli, Raffaele Iorio, Francesco Landi, Annarita Larici, Giovanna Liuzzo, Riccardo Maviglia, 
Luca Miele, Massimo Montalto, Luigi Natale, Nicola Nicolotti, Veronica Oietti, Maurizio 
Pompili, Brunella Posteraro, Gianni Rapaccini, Riccardo Rinaldi, Elena Rossi, Angelo 
Santoliquido, Simona Sica, Enrica Tamburrini, Luciana Teofili, Antonia Testa, Alberto Tosoni, 
Carlo Trani, Francesco Varone, Lorenzo Zileri Dal Verme 
 

 
 
Affiliations 
1Dipartimento di Scienze di Laboratorio e Infettivologiche, Fondazione Policlinico Universitario A. 
Gemelli IRCCS, Roma, Italia 

2Dipartimento di Sicurezza e Bioetica, Sezione Malattie Infettive, Università Cattolica S. Cuore, 
Roma, Italia 

3Fondazione Policlinico Universitario A. Gemelli IRCCS, Roma, Italia 

4Istituto di Radiologia, Università Cattolica Sacro Cuore, Roma, Italia 
5Datawarehouse, Fondazione Policlinico Universitario A. Gemelli IRCCS, Roma, Italia 
6 Unità Operativa Complessa Tecnologie Sanitarie, Fondazione Policlinico Universitario A. Gemelli 
IRCCS, Roma, Italia 

7Dipartimento di Scienze dell’Emergenza, Anestesiologiche e della Rianimazione, Fondazione 
Policlinico Universitario A. Gemelli IRCCS, Roma, Italia  
8 Dipartimento di Scienze Biotecnologiche di base, Cliniche Intensivologiche e Perioperatorie, 
Università Cattolica del Sacro Cuore, Roma, Italia 
9 Dipartimento di Scienze Mediche e Chirurgiche, Fondazione Policlinico Universitario A. Gemelli 
IRCCS, Roma, Italia 
10Dipartimento di Medicina e chirurgia traslazionale, Università Cattolica del Sacro Cuore, Roma, 
Italia 

11Dipartimento di Scienze dell’Invecchiamento, Neurologiche, Ortopediche e della Testa-collo, 
Fondazione Policlinico Universitario A. Gemelli IRCCS, Roma, Italia 
12Dipartimento di Scienze Geriatriche ed Ortopediche, Università Cattolica del Sacro Cuore, Roma, 
Italia 

                  



13Dipartimento di Scienze della Salute della Donna e del Bambino e Sanità Pubblica, Fondazione 
Policlinico Universitario A. Gemelli IRCCS, Roma, Italia 
14Dipartimento di scienza della vita e sanità pubblica, Università Cattolica del Sacro Cuore, Roma, 
Italia 
15Dipartimento di Neuroscienze, Università Cattolica del Sacro Cuore, Roma, Italia 
16 Direzione Sanitaria Fondazione Policlinico Universitario A. Gemelli IRCCS, Roma, Italia 

17Dipartimento di Diagnostica per Immagini, Radioterapia, Oncologia ed Ematologia, Fondazione 
Policlinico Universitario A. Gemelli IRCCS, Roma, Italia 
18Dipartimento di Scienze Radiologiche ed Ematologiche, Università Cattolica del Sacro Cuore, 
Roma, Italia 

19Dipartimento di Scienze Cardiovascolari, Fondazione Policlinico Universitario A. Gemelli IRCCS, 
Roma, Italia 

20 Dipartimento di Scienze Cardiovascolari e Pneumologiche, Università Cattolica del Sacro Cuore, 
Roma, Italia 

21 Servizio Infermieristico, Tecnico e Riabilitativo Aziendale, Fondazione Policlinico Universitario A. 
Gemelli IRCCS, Roma, Italia 

 

 

 

 
Corresponding author: 
Rita Murri, MD 
Fondazione Policlinico Universitario A. Gemelli IRCCS, Roma, Italia 
Tel: +39 333 4562124 
E-mail: rita.murri@policlinicogemelli.it 
 
 
ETHICS DECLARATION 

Competing interests: the authors declare no competing interests 

 
 
 

                  



HIGHLIGHTS 
 

 An unexpected rapid spread of SARS-CoV-2, the agent of the coronavirus disease 2019 
(COVID-19), had been observed in China since January 2020, which resulted in a worldwide 
pandemic and a high number of deaths. 

 A real-time acquisition, centralization, and constant update of a COVID-19 Data Mart with 
information collected in healthcare systems of patients affected by COVID-19, and the 
availability of user-oriented data visualization tools, is a valuable source of information to 
support clinical practice and research on the pandemic. 

 A detailed description of the structure and technologies used to construct the COVID-19 
Data Mart architecture 

 Several views are presented to demonstrate how a large hospital had faced the challenge 
of pandemic emergency by creating a strong retrospective knowledge base, a real-time 
environment and integrated information dashboard for daily practice and early 
identification of critical condition at patient level. 

 
 
ABSTRACT 
Background: The COVID-19 pandemic affected healthcare systems worldwide. Predictive models 

developed by Artificial Intelligence (AI) and based on timely, centralized and standardized real 

world patient data could improve management of COVID-19 to achieve better clinical outcomes. 

The objectives of this manuscript are to describe the structure and technologies used to construct 

a COVID-19 Data Mart architecture and to present how a large hospital has tackled the challenge 

of supporting daily management of COVID-19 pandemic emergency, by creating a strong 

retrospective knowledge base, a real time environment and integrated information dashboard for 

daily practice and early identification of critical condition at patient level. This framework is also 

used as an informative, continuously enriched data lake, which is a base for several on-going 

predictive studies.   

Methods 

The information technology framework for clinical practice and research was described. It was 

developed using SAS Institute software analytics tool and SAS® Vyia® environment and Open-

Source environment R ® and Python ® for fast prototyping and modelling. The included variables 

and the source extraction procedures were presented. 

Results: The Data Mart covers a retrospective cohort of 2634 patients with SARS-CoV-2 infection. 

People who died were older, had more comorbidities, reported more frequently dyspnea at onset, 

had higher d-dimer, C-reactive protein and urea nitrogen.  The dashboard was developed to 

support the management of COVID-19 patients at three levels: hospital, single ward and individual 

care level.  

                  



Interpretation: The COVID-19 Data Mart based on integration of a large collection of clinical data 

and an AI-based integrated framework has been developed, based on a set of automated 

procedures for data mining and retrieval, transformation and integration, and has been embedded 

in the clinical practice to help managing daily care. Benefits from the availability of a Data Mart 

include the opportunity to build predictive models with a machine learning approach to identify 

undescribed clinical phenotypes and to foster hospital networks.  A real-time updated dashboard 

built from the Data Mart may represent a valid tool for a better knowledge of epidemiological and 

clinical features of COVID-19, especially when multiple waves are observed, as well as for epidemic 

and pandemic events of the same nature (e. g. with critical clinical conditions leading to severe 

pulmonary inflammation). Therefore, we believe the approach presented in this paper may find 

several applications in comparable situations even at region or state levels. Finally, models 

predicting the course of future waves or new pandemics could largely benefit from network of 

DataMarts. 

 

  

                  



 

INTRODUCTION 

An unexpected rapid spread of SARS-CoV-2, the agent of the coronavirus disease 2019 (COVID-19), 

had been observed in China since January 2020, which resulted in a pandemic 1. On January 5th 

2022, more than  200 million people were found positive to SARS-CoV-2 globally and more than  5 

million died 2.  

Since the beginning, a relevant percentage of people with COVID-19 had clinical deterioration 

requiring hospitalization or intensive care admission and national health care systems were 

profoundly challenged in a very short time 3. Hospitals have a critical role in the response to the 

pandemic 4; however, many countries early saturated their intensive care bed capacities. During 

the different phases of the pandemic, Italy has been among the most impacted countries at global 

level.   

Facing the challenge of the emergency, availability of a timely, centralized, standardized, and 

reliable patient dataset is of high priority. The development of diagnostic and prognostic 

predictive models through the application of advanced statistical modelling and machine learning 

techniques (Artificial Intelligence – AI) have the potential to improve patient outcomes 5-6. To 

name three main purposes of an AI framework from real-world data (RWD), COVID-19 archives 

may, at the same time, be used as a data classifier, as an approach to stratify patients into risk 

categories and as resource to train predictive tools. A real-time acquisition, centralization, and 

constant update of a COVID-19 Data Mart with information collected in healthcare systems of 

patients affected by COVID-19, and the availability of user-oriented data visualization tools, is a 

valuable source of information to support clinical practice and research on the pandemic.  

The primary objective of this manuscript is to describe the structure and technologies used to 

construct the COVID-19 Data Mart architecture. The secondary objective is to present a pragmatic 

response to urgent needs due to the COVID-19 pandemic, particularly, creating a strong 

retrospective knowledge base, a real-time environment and integrated information dashboard for 

daily practice and early identification of critical condition at patient level.   

 

                  



METHODS  
A competence center named Generator, based on Data Integration, Analytics and AI was 

built at the Fondazione Policlinico Universitario A. Gemelli IRCCS, Rome, Italy. The main 

purpose of the Generator program is to centralize and integrate previously decentralized, 

and heterogeneous (structured and unstructured) healthcare data, stored daily in the 

hospital's Data Warehouse (DWH) or archives of individual departments, using high-quality 

ontology-based systems and effective information technology (IT) procedures, while 

respecting data ownership and patient privacy. Generator has the goal to build 

standardized and structured archives (called Data Marts) for a specific area or disease to 

conduct research projects, quality assessments and to develop a rapid-learning framework 

through the daily feeding of data sources and the periodic re-train and validation of 

predictive models on new data 7-8. 

 

 

A COVID-19 real time analysis framework 

An integrated framework for clinical practice and research for COVID-19 disease was 

implemented at the Fondazione Policlinico Universitario A. Gemelli IRCCS, Rome, Italy, a 

1,450-bed hospital where, since March 1st, two Centers were dedicated to the care of 

patients with COVID-19: the Gemelli Hospital (FPG) and the Columbus Hospital (CIC) – in 

the highest peak moments of the spread of the disease, additional temporary care units 

were made available. The COVID-19 IT framework is available to all care units to serve 

three main goals:  

 A real-time Data Mart covering patients hospitalized at Policlinico Gemelli, refreshed on 

daily basis with new inpatients, discharged and deceased patients, update of clinical 

data for the ones still in charge. Thus, providing a patient-centered longitudinal view on 

the disease and treatment progression. 

 A library of Data Visualization dashboards, profiled for the different wards treating 

Covid-19 patients, showing the evolution of the cared cohort for the ward and for each 

patient on daily basis, and allowing to drill down the most critical cases with their key 

indicators of the disease status (including hospitalization history). 

 A set of AI-based modelling tools that currently support ongoing research studies from 

several clinical teams. 

 

                  



The framework was designed through the following steps a) the cross-disciplinary group of 

clinicians from all domains (Gemelli against Covid Group) identified the list of variables of 

interest sharing knowledge and evidences from the daily practice in treating COVID-19; the 

focus has been to capture the widest set of data to be able to follow all relevant clinical 

aspects in the context of a rapidly evolving scenario of the disease; b) IT specialists and 

data scientists have developed the interoperability procedures to extract from hospital 

clinical workflows the data variables as agreed with the clinician team (in structured and 

unstructured format) for all hospitalized and incoming patients; c) standard procedures 

have been developed for data treatment and the daily updated of the integrated Data 

Mart; these include natural language processing (NLP) algorithms to map medical reports 

into categorical variables, validation procedures for data quality and consistency, semantic 

control steps; d) Iterative design and development of profiled visualization dashboard for 

data analytics and daily exploitation from the clinical teams; e) lastly, the platform 

provides a series of tools for the development of predictive models directly used by 

clinicians in clinical practice through user-friendly interfaces. 

The framework was developed using SAS Institute software analytics tool and SAS® Vyia® 

environment and Open-Source environment R ® and Python ® for fast prototyping and 

modelling. 

 

Identification of variables of interest and data archives 

As a result of this process of clinical variable selection and semantic control, the following 

variable groups have been identified to feed the Data Mart and support clinical activities: 

demographic, reverse-transcriptase polymerase chain reaction (RT-PCR) nasopharyngeal 

test for SARS-CoV-2, SARS-CoV-2 serology, respiratory isolated pathogens other than SARS-

CoV-2, laboratory parameters at admission and during the hospitalization, comorbidities 

and treatments before the hospital admission, symptoms, arterial blood gases parameters, 

respiratory support, therapies for COVID-19, anticoagulant therapies, other drugs, 

radiology findings, intensive care measures, complications during the hospitalization, 

length of hospitalization and outcomes (needs of oxygen therapy, mechanical ventilation 

and death) 

 

                  



The detailed description of the data available for each category is available in Table 1 in the 

Appendix.  

Data and source extraction procedures 

The selected variables have been extracted from the corresponding data sources through 

the implementation of a standard extract, transform and load (ETL) procedure. This 

procedure has made it possible to integrate data from different applications, including data 

cleaning and standardization to the target structure – a relational database (the COVID-19 

Data Mart) with a general structure able to support the daily practice and research 

activities. Where necessary, the procedures include a transformation step to transform 

unstructured information into useful structured data. Therefore, this ETL procedures 

consisted of several components as briefly described below and summarized in Figure 1.  

1. Daily update of the cohort of patients currently hospitalized, including only those 

patients who have carried out at least one positive RT-PCR nasopharyngeal test for 

SARS-CoV-2 and who have passed through one of the COVID dedicated wards in the 

hospital; patients discharged (full recovered or transferred to a pre-discharge 

structure) or deceased become part of the retrospective cohorts for statistical 

analysis and research studies.   

2. Daily extraction, validation, and Data Mart update for structured clinical variables 

(e. g. laboratory data) for each hospitalized patient (defined as ETL 1 + ETL 3 in 

Figure 1); baseline data for patients just hospitalized were included in this step. In 

the case of a structured source, an identification code has been associated with 

each field. The codes used were referred to national and international standard 

such as: the International Classification of Disease (ICD) version 9 ICD9, Diagnosis 

Related Group Classification. Where none of these standards were available, 

specific coding for hospital legacy applications were used.  

3. Daily extraction, transformation, validation, and Data Mart update for unstructured 

clinical variables (e. g. text extracted from medical reports and converted into 

structured clinical data) for each patient (defined as ETL  2 + ETL 3 in Figure 1). To 

obtain structural information from unstructured texts (such as clinical diary, 

radiology reports etc.) NLP algorithms have been applied, based on text mining 

procedures such as: sentences/words tokenization; rule-based approach supported 

                  



by annotations defined by the clinical SMEs, and using semantic / syntactic 

corrections where necessary. 

To ensure the development of a framework that respects privacy by design, specific 

procedures for pseudonymization have been included. The resulting COVID-19 Data Mart is 

a relational database, where the primary key is a patient identifier in pseudonymized form, 

that provides a longitudinal, comprehensive view of the disease status for each 

hospitalized patient allowing to drill down on symptoms, vital signs, oxygenation status, 

comorbidities. This is built on the base of chained ETL procedures on an incremental basis 

and includes robust and reliable error management through the creation of a Log file. 

Once identified the sensitive data associated with each patient (such as hospital code and 

hospitalization code), the cryptographic hash function MD5 has been used for each 

identification code. The conversion table is saved into a dedicated and safe area for 

separation of duty and privacy reasons.  

A simplified view of the relational database generated is shown as an example in Figure 2. 

Statistical differences between died and survived patients was evaluated by Pearson’s chi-

square for categorical variables and Mann-Whitney test for the numerical ones. 

 

Ethical aspects 

The Fondazione Policlinico Universitario A. Gemelli IRCCS Institutional Review Board 

approved the study protocol (IRB 3447). 

 

 RESULTS  

A COVID-19 Data Mart cohort description  

As of  January 5th 2022 , the Data Mart covers a retrospective cohort of 5528 patients with 

SARS-CoV-2 infection. We excluded from the analysis 210 who were currently being 

hospitalized and under care.  

Table  1 shows a summary view of the main characteristics of the retrospective cohort, on a 

subset of patients’ and clinical data selected from the larger set available in the Data Mart 

shown in Appendix. The data confirm several findings from previous research, e. g. people 

who died were older, had more comorbidities, were more frequently dyspnoic at onset, 

had higher d-dimer, C-reactive protein and urea nitrogen.  

                  



Leveraging the wealth of information available from the data mart updated on daily basis, 

we are currently analyzing in detail a variety of correlation index which are pre-requisite to 

build accurate predictors for critical outcome.  

 

Data Visualization Utilities and Process View  

With the COVID-19 Data Mart online, the team has developed an extensive library of 

visualization dashboards, using SAS® Vyia® functionalities, to enable information at bedside 

for the clinical teams engaged in the daily care of infected patients. These dashboards 

cover cumulative views for hospital management level, ward management and patient care 

level. A conceptual view on how this is exploited is shown in Figure 3.  

 

Dashboard views: hospital management level 

Figures 4A and 4B show two examples of what is available online for the hospital care 

management in terms of day-to-day view of the inpatients, discharged, intensive care unit 

and other wards’ loads, as well as evolution of outcomes at overall hospital level.  

Some of the dashboard views show median age of hospitalized patients and comparison 

among COVID-19 waves, the evolution of oxygenation parameters such as PO2/FiO2 ratio 

(P/F) for the arterial blood gases at admission and during the hospitalization course, the 

average length of hospitalization or the rate and timing of admission to Intensive Care. This 

can help understanding several factors influencing the progression of the disease and 

comparative view of the different waves, which is relevant given that COVID-19 has shown 

mutable features in different stages.  

Figures 5A to 5C show another set of cumulative dashboards, showing the overall cohort 

(retrospective, discharged patients and currently patients) with focus on evolution of 

clinical parameters. Dashboard 5A is focused on providing one integrated snapshot of the 

evolution of main clinical features along the timeline of the disease spread (wave 1, wave 

2). It includes average age of inpatients overtime, impact of comorbidities, symptoms etc. 

This dashboard also focuses how the number of days for symptoms onset evolves on 

average. Dashboard 5B-5C show how this integrated framework can be used to investigate 

to which extent different clinical parameters at baseline can translate into early predictors 

and provide real-time comparison for the most recently hospitalized patients (examples 

shown cover d-dimer and IL-6 but the same are available for all critical laboratory data). 

                  



These dashboards are useful to explore in real-time the possible correlations among 

included variables and clinical outcomes. 

 

Dashboard views: ward management level 

A real-time situation for each ward (number of patients, severity scoring, new admissions, 

number of patients who died or who have been transferred to Intensive Care Unit the day 

before) are also available to support the daily management. Dashboards 6A-6C show the 

views that are made available on daily basis at ward level to support their overall 

management and prioritization: 

The view in 6A aims at giving in one-page a summary of the situation of the ward with respect to 

the COVID-19 trend i.e., newly hospitalized patients, total patients in charge, number of patients 

transferred to intensive care unit (ICU). The dashboard allows to also filter the discharged patients 

by outcomes (recovery; transfer to a pre-discharge facility; death). Views 6B-6C are designed to 

support clinicians at bedside in their daily activity: 6B gives an overall summary of hospitalized 

patients. Besides providing compare for key average parameters (such as P/F) to have a one-shot 

summary of how critical the ward situation is, more relevant is the list of hospitalized patients with 

a high-level scoring of their severity condition, in terms of age, days from first symptom onset, 

length of stay, current P/F and the P/F trend.  

 

Dashboard views: patient management level 

In dashboard 6C a detail for a specific patient is provided. This includes the history and the trend 

of both P/F and fever along the hospitalization period; result of RT-PCR nasopharyngeal test; 

features of most recent chest X-ray or chest computed tomography (CT).  

 

 

 

DISCUSSION 

The burden of the COVID-19 pandemic on the daily life of people and the impact on healthcare 

systems all over the world are still impressive. The high number of people with COVID-19 admitted 

to emergency rooms, general wards and ICUs critically stressed hospitals9. Preparedness for the 

pandemic has been largely suboptimal10. In particular, the onset of several multiple waves of 

pandemic, with continuously mutable condition, is an additional challenge that requires flexible 

                  



and comprehensive tools for data analysis and understanding. In fact, clinical and epidemiological 

data may be significantly different among patients from the different waves and therefore 

healthcare needs may vary even in very short time. Among strategies to respond to a pandemic 

such as that caused by SARS-CoV-2, we experienced the need to evolve from manual data sharing 

towards building a health data infrastructure (the so-called “health data superhighway”) 11 that 

facilitates automatic, interoperable data exchange and use. The potential insights provided from a 

very comprehensive Data Mart integrating clinical data and RWD for COVID-19 patients along with 

the whole natural history of the disease combined with AI methods is significant.  

We presented basic assumptions and the description of a Data Mart architecture developed at the 

Fondazione Policlinico Universitario A. Gemelli IRCCS based on the Generator infrastructure just 

after the onset of the SARS-CoV-2 pandemic. An extensive amount of data was quickly available 

for data monitoring, data analysis and clustering. Variables collected and integrated with the Data 

Mart are those commonly collected in daily practice12-18 and already available in electronic medical 

records (EMRs); the Data Mart can be augmented with multi-dimensional or external data. Details 

on technical aspects and a list of variables included in the COVID-19 Data Mart were shared to 

ensure reproducibility.  

The dashboard provides several functions. At hospital level, it covers cumulative views, provide a 

visual trend of evolution of critical parameters in the different waves, gives a snapshot of the 

evolution of main clinical features overtime, allows the knowledge in real-time of total number of 

inpatients in charge, discharged patients, those admitted and transferred in ICU and other wards’ 

loads, as well as evolution of outcomes at hospital level. Moreover, the dashboard allows to 

investigate early predictors of unfavorable outcomes and provide real-time comparison of clinical 

characteristics and laboratory parameters for the most recently hospitalized patients.  

At the ward level, the dashboard gives information listing hospitalized patients with a high-level 

scoring of their severity condition, older, with longer hospitalization stay, the current P/F and its 

trend.  

Finally, at the patient level, the dashboard provides a capture for a specific patient including days 

from symptom onset, evolution of P/F and fever along the hospitalization period, results of 

polymerase chain reaction–positive nasopharyngeal tests and most recent chest X-ray or CT. 

Many benefits are stemming from the availability of a Data Mart focused on COVID-19. First of all, 

this wide knowledge base can be exploited to build diagnostic and prognostic predictive models.  

Such advanced predictive models may be a great support to the most impacted wards in early 

                  



alerting of critical evolution and most severe outcomes. The identification of the individual risk for 

each patient can also ease a more personalized approach. From a clinical point of view, such a tool 

may enhance the early implementation of supporting and therapeutic measures, to differentiate 

levels of needed healthcare resources (low, medium or high intensity) or may ease the 

identification of predictors of chronic lung damage in the follow-up. Moreover, different 

combinations of clinical variables and features may cluster into previously undescribed 

phenotypes and define different risks for poor outcomes. From a public health point of view, the 

prediction model may support optimal resource use. For instance, predictive models identify 

clinical criteria and laboratory values to safely allocate a person to common wards or to be 

discharged at home or to be de-isolated when probability of a COVID-19 diagnosis is poor19. This 

may result in saving hospital resources (beds, nurse and physician staff, personal protective 

equipment, disinfectant materials). In addition, we are currently working to connect this approach 

with tools for early prediction of critical evolution within the practice of base medicine and 

territory health management. In this regard, a hospital-based Data Mart may also be integrated 

with patient self-reported or personal data (through addressed App or IoT) to improve the 

diagnosis or to identify specific pattern of onset, progression or recovery for COVID-19.  

Of course, machine learning techniques to personalize treatment plans are not peculiar to COVID-

19: machine learning has previously been used to improve diagnostic algorithms 20-21, predicting 

outcomes for patients with different diseases 22 or conditions 23. Building a Data Mart for patients 

with COVID-19 may be reproduced for other clinical and epidemiological scenarios. 

Our framework has possible limitations. First, currently only routinely available clinical data of 

electronic health records are used. A generalization of the rules used to apply text mining 

techniques, based on the recognition of reports drawn up in national language would be 

necessary. An external and international ontology validation is mandatory and finally this 

workflow has only been implemented and used by a single hospital.  

In conclusion, a large Data Mart, including numerous structured and unstructured variables, gives 

the opportunity to realize a real-world, readily available, interactive dashboard and to build 

sophisticated and advanced predictive models24. Networks and pan-cohorts promoting 

collaboration across health centers, disciplines, and institutions represent crucial instruments to 

respond to pandemics or global health events. Therefore, complex integration of a large volume of 

clinical, radiological and laboratory data in an advanced architecture could be useful to quickly and 

                  



reliably test new predictive models or therapeutic agents active against SARS-CoV-2 or innovative 

regimens.  

 

CONCLUSION 

The experience that can be produced by the application and exploitation of a COVID 

DataMart can be paradigmatic for a wider application such as that of an entire region or 

state. Lastly, models predicting the course of future waves or new pandemics could largely 

benefit from dataMart networks like the one presented here. 
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TABLE 

 
Table 1. Characteristic of the study population as of January 5

st
 2022 

 

Characteristics All patients  
(N=5528) 

Alive (n=4675) Died (n=853) p-value 

            

Demographics 

Age, 
median(SD) 

65.0 (19.0) 62.0 (18.8) 80.0 (11.8)   

Male 3066 ( 55.5 %) 2566 (54.9 %) 500 (58.6 %)  0.02 

BMI, median 
(IQR) 

25.9 (23.4 ; 
28.7) 

25.9 (23.5 ; 28.7) 25.7 (23.4 ; 28.4)  0.1 

            

Coexisting 
Conditions 

Any 3158 (57 %) 2507 (54 %) 651 (76 %)  <0.01 

Current or 
Former Smoker 

108 (2.0 %) 101 (2.2%) 7 (0.8 %)   0.01 

Arteriopathy 61 (1.1 %) 39 (0.8 %) 22 (2.6 %)   <0.01 
 

Chronic Liver 
Disease 

55 (1.0 %) 47 (1.0 %) 8 (0.9 %)  1 

Cirrhosis 46 (0.8 %) 33 (0.7 %) 13 (1.5 %)   0.02 
 

Dyslipidemia 373 (6.7 %) 310 (6.6 %) 63 (7.4 %)   0.4 
 

HIV 94 (1.7 %) 85 (1.8 %) 9 (1.1 %)   0.1 

Myocardial 
Infarction 

665 (12.0 %) 481 (10.3 %) 184 (21.6 %)   <0.01 

Kidney Failure 323 (5.8 %) 207 (4.4 %) 116 (13.6 %)   <0.01 
 

Hypertension 2013 (36.4 %) 1628 (34.8 %) 385 (45.1 %)   <0.01 
 

Autoimmune 
Disease 

245 (4.4 %) 210 (4.5 %) 35 (4.1 %)   0.6 

Hematologic 
Neoplasm 

87 (1.6 %) 60 (1.3 % ) 27 (3.2 %)   <0.01 
 

Neurologic 
Impairment 

486 (8.8 %) 309 (6.6 %)  177 (20.8 %)  <0.01 
 

Pancreatitis 37 (0.7 %) 28 (0.6 %) 9 (1.1 %)   0.2 
 

Cardiovascular 
Pathology 

865 (15.6 %) 609 (13.0%) 256 (30.0 %)   <0.01 
 

Lung Pathology 531 (9.6 %) 372 (8.0 %)   159 (18.6 %)   <0.01 
 

Heart Failure 245 (4.4 %) 148 (3.2 %)  97 (11.4 %)   <0.01 
 

Hepatic Ulcer 106 (1.9 %) 69 (1.5 %)  37 (4.3 %)    

                  



      

Symptoms At 
Admission 

Any 4102 (74.2 %) 3454 (73.9 %) 648 (76.0 %)  0.2 

Cough 1523 (27.6 %) 1381 (29.5 %) 142 (16.6 %)  <0.01 

Dyspnea 2535 (45.9 %) 2051 (43.9 %) 484 56.7 %)  <0.01 

Fever 3393 (61.4 %) 2910 (62.2 %) 483 (56.6 %)  <0.01 

Nausea or 
Vomiting 

247 (4.5 %) 221 (4.7 %) 26 (3.0 %)  0.03 

Diarrhea 372 (6.7 %) 338 (7.2 %) 34 (4.0 %)  <0.01 

      

Time From 
Symptom 
Onset to 

Admission, 
median (IQR) 

  8 (3 ; 366) 9 (4 ; 366) 5 (2 ; 11)  <0.01 

      

Vital Signs on 
the Day of 
Admission, 

median (IQR) 

Temperature, 
°C  

36.4 (36.0 ; 
37.5) 

36.4 (36 .0; 37.6) 36.3 (36.0 ; 37.5)  0.01 

Systolic Blood 
Pressure, mm 
Hg 

129.0 (115.0 ; 
140.0) 

130.0 (116.0 ; 
140.0) 

130.0 (116.0 ; 140.0)  <0.01 
 

      

Laboratory 
Findings on 
the Day of 
Admission, 

median (IQR) 

White Blood 
Cell Count, /μL 

7.4 (5.4 ; 10.4) 7.3 (5.4 ; 10.1) 8.4 (5.8 ; 12.0)  <0.01 

Lymphocyte 
Count, /μL 

1.1 (0.7 ; 1.5) 1.1 (0.8 ; 1.5) 0.9 (0.6 ; 1.3)  <0.01 
 

Hemoglobin 
Level, g/dL 

13.4 (11.8 ; 
14.7) 

13.5 (12.0 ; 14.8) 12.6 (10.8 ; 14.0) <0.01 
  

Platelets, μL 208.0 ( 161.0 ; 
272.0) 

211.0 (164.0 ; 
274.0) 

191.0 (142.0 ; 259.5) <0.01 
  

Creatinine 
Level, mg/dL 

0.9 (0.7 ; 1.1) 0.8 (0.7 ; 1.1) 1.1 (0.8 ;  1.8) <0.01 
  

D-dimer level, 
ng/mL 

846.0 (460.0 ; 
1874.0) 

764.0 (427.0 ; 
1620.0) 

1606.5 (794.5 ; 
3686.0) 

<0.01 
  

C-reactive 
protein level, 
mg/L 

60.1 (23.9 ; 
121.4) 

52.9 (21.1 ; 110.7) 99.3 (50.2 ; 160.6) <0.01 
  

Urea Nitrogen, 
mg/dL 

18.0 (13.0 ; 
27.0) 

17.0 (13.0 ; 23.0) 30.0 (21.0 ; 47.0) <0.01 
  

Albumin, g/L 32.0 (29.0; 
35.0) 

33.0 (29.0 ; 36.0) 29.0 (25.0 ; 32.0)  <0.01 
 

Vitamin D, 
ng/mL 

17.1 (12.1 ; 
27.7) 

17.3 (12.4 ; 27.7) 15.2 (8.6 ; 27.3)  0.2 

P/F 232.1 (152.8 ; 
333.3) 

247.5 (162.9 ; 
340.0) 

163.3 (109.5 ; 266.7) <0.01 
 

 

  

                  



 

 

 
Figure 1: Generator infrastructure to create and automatically update the COVID-19 Data Marts 

from Operational Data Warehouses and Production Databases 

  

                  



 

 
Figure 2: simplified view of patient-centered COVID-19 Data Mart in place at Policlinico Gemelli  

 

 

 

  

                  



 

 

 

 
Figure 3 – Conceptual view of Dashboard profiling for General Use, Hospital Management, Ward  

and Patient Care  

 

  

                  



 

  

 

 

 
Fig 4A. Weekly retrospective overview of cohort, split by wards, compared with non-COVID-19 inpatients evolution 

 

 

 
Fig 4B. Daily view of new hospitalized patients, total patients in charge, filtered view of outcomes 

 
 
 

 
 

                  



 

 
Fig 5A. Cumulative clinical dashboard displaying incidence of comorbidities, average age for inpatients over time, 

symptoms and evolution of average days of symptoms onset 
 
 
 
 

 
Fig 5B. Drill down for the historical cohort of COVID-19 patients with evolution over time of IL-6 at baseline and 

comparison with most recent hospitalized patients  
 
 
 

                  



 

 
Fig 5C. Same dashboard as 5B for D-Dmer 

  

 

 
Fig 6A. Summary ward dashboard: newly hospitalized, total in charge, transfer to ICU, split by outcome  

 
 

                  



 

 
Fig 6B. Drill-down at war: historical compare with current average PaO2/FiO2 ratio and length of stay; list of 

patients with alert flag for most critical cases 
 
 

 
Fig 6C. Patient drill-down dashboard example, providing history of PaO2/FiO2 ratio and fever, last outcome of TC, 

swab sequence and days from symptom onset 
 

                  


